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Abstract
The application of a hybrid framework based on the combination, artificial
neural network-genetic algorithm (ANN-GA), for n-thymol synthesis modeling
and optimization has been developed. The effects of molar ratio propylene/cresol
(X1), catalyst mass (X2) and temperature (X3) on n-thymol selectivity Y1 and
m-cresol conversion Y2 were studied. A 3-8-2 ANN model was found to be very
suitable for reaction modeling. The multiobjective optimization, led to optimal
operating conditions (0.55≤ X1≤ 0.77; 1.773 g≤ X2≤ 1.86 g; 289.74 ◦C≤ X3
≤ 291.33 ◦C) representing good solutions for obtaining high n-thymol selectivity
and high m-cresol conversion. This optimal zone corresponded to n-thymol selec-
tivity and m-cresol conversion ranging respectively in the interval [79.3; 79.5]%
and [13.4 %; 23.7]%. These results were better than those obtained with a se-
quential method based on experimental design for which, optimum conditions led
to n-thymol selectivity and m-cresol conversion values respectively equal to 67%
and 11%. The hybrid method ANN-GA showed its ability to solve complex prob-
lems with a good fitting.
KEYWORDS: n-thymol synthesis, reaction modeling and optimization, neural
network, genetic algorithm
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1. INTRODUCTION 
 
N-thymol is a potential interesting compound, used as an antiseptic, a local anesthetic, a cooling agent, and as a 
preservative. It can also be transformed into menthol (Tohr and Fumio, 1977), which is largely used in food 
industry. The catalytic gaseous phase isopropylation of m-cresol is one of the various synthesis methods of this 
molecule, for which, the involved reaction is known to be non selective. In a previous work (Yao et al., 2001; Yao et 
al.; 2003), the reaction was optimized and modeled using a sequential method based on experimental design. It was 
shown that a best compromise between the n-thymol selectivity and the m-cresol conversion could be obtained when 
the reaction occurs under optimum conditions (i.e., temperature equal to 280 °C, with Fe2(SO4)3/γ-Al2O3 as catalyst, 
a feed ratio propylene/m-cresol equal to 0.5, an amount of catalyst equal to 1.5 g, and 10 g of quartz powder). This 
optimum led to n-thymol selectivity and m-cresol conversion values respectively equal to 67% and 11%. The 
sequential methods present some limitation due to their difficult to extract from local optima, since the search occurs 
exclusively in the experimental field. So the current work deals with the optimization and modeling of the reaction 
for obtaining high n-thymol selectivity and better m-cresol conversion by using a combined approach with an 
artificial neural network (ANN) and a genetic algorithm (GA).  
 
 
2. EXPERIMENTAL METHOD AND DETAILS 
 
2.1. Apparatus  
 
First, let us mention that all reactants were appropriately distilled and degassed prior to use.  
 
The reaction was carried out under a fixed flow of nitrogen (15 mL/min) and propylene in a tubular reactor, 
heated by a regulated electronic oven. A fixed flow of m-cresol was introduced in the reactor. The mixture 
(propylene and m-cresol) passed through a catalytic fixed bed. This catalytic bed was made of X2 g of catalyst and 
10 g of an inert quartz powder. This mixture was homogenized before introducing in the reactor. It is important to 
note that quartz powder does not present any catalytic activity since it is chemically inert. It was used firstly to dilute 
the catalyst in order to avoid coking phenomena that were observed when the catalyst was pure, and secondly to 
increase the useful volume of the reactor and consequently the residence time of the reactants. The optimal quantity 
of the quartz powder (10 g) in the experimental study zone, for which the conversion and selectivity were at their 
optimal value, was determined in previous studies (Yao et al., 2001). The crude reaction products were cooled in ice 
batch, diluted in diethylether and analyzed by gas chromatography with a GIRDEL capillary column OV 1701, 25 m 
x 0.32 mm, immobilized phase. The flow sheet of experimental setup is shown in figure 1. The internal standard 
used was p-tert-butylphenol. A flame ionization detector was used in the conditions indicated in table 1 
 
The catalyst was obtained according to the method described by Tohr and Fumio (1977), by impregnation 
under agitation, iron sulphate in aqueous medium with γ-alumina in mass proportion 20/80. The resulting paste is 
dried in a drying oven at 100 °C during 10 hours, crushed, and then calcined during 5 h in a furnace under nitrogen 
at 450 °C. 
 
Table 1. Gas chromatography analysis conditions 
 
Parameters Values 
Temperature (°C) 70 to 180 with 2 °C/minute 
Nitrogen pressure (atm) 0.8  
Hydrogen pressure (atm) 1  
Air pressure (atm) 0.8  
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 (1) Ball valve; (2) vaporization heater; (3) Regulated electric furnace; (4) Tubular fix bed reactor; (5) condenser 
 
Figure 1. Schematic flow sheet of experimental setup 
 
The different variables of the reaction were identified as the molar ratio of propylene/m-cresol (X1), the 
mass of catalyst (X2) and Temperature (X3). The responses studied were n-thymol selectivity (Y1), and m-cresol 
conversion (Y2). 
 
In the m-cresol isopropylation, apart from n-thymol which is the desired product, secondary compounds 
such as m-thymol, 4,6-diisopropyl-3-methylphenol, p-thymol, 2-isopropyl-3-methylphenol in small amounts are also 
formed. The reaction scheme is shown in figure 2. 
 
1: m-cresol; 2: n-thymol; 3: m-thymol; 4: 4,6-diisopropyl-3-methylphenol; 5: p-thymol;  
6: 2-isopropyl-3-methylphenol 
 
Figure 2. Isopropylation reaction of m-cresol 
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2.2. Calculation of the responses studied 
 
The values of the studied responses were computed according to the following equations (1), (2) and (3): 
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In these expressions, n1 and ni represent respectively the non-converted m-cresol mole number and mole 
number of compound i in relation to 100 g of crude reaction mixture isolated, ti the chromatographic mass 
percentage and Mi the molar mass of compound i 
 
2.3. Genetic Algorithms 
 
Genetic algorithms (GAs) are search techniques used in computing to find exact or approximate solutions to 
optimization and search problems. Genetic algorithms are categorized as global search heuristics. Genetic 
algorithms are a particular class of evolutionary algorithms (also known as evolutionary computation) that use 
techniques inspired by evolutionary biology such as inheritance, mutation, selection, and crossover (also called 
recombination). Genetic algorithms are implemented as a computer simulation in which a population of abstract 
representations (called chromosomes or the genotype or the genome) of candidate solutions (called individuals, 
creatures, or phenotypes) to an optimization problem evolves toward better solutions. The evolution usually starts 
from a population of randomly generated individuals and happens in generations. In each generation, the fitness of 
every individual in the population is evaluated, multiple individuals are stochastically selected from the current 
population (based on their fitness), and modified (recombined and possibly randomly mutated) to form a new 
population. The new population is then used in the next iteration of the algorithm. Commonly, the algorithm 
terminates when either a maximum number of generations has been produced, or a satisfactory fitness level has been 
reached for the population. If the algorithm has terminated due to a maximum number of generations, a satisfactory 
solution may or may not have been reached. (Golberg, 1989; Holland, 1975). 
 
2.4. Artificial neural network 
 
The neural network is constituted of simple elements performing each a weighted sum of all input variables that feed 
it. Different types of artificial neural network are available (e.g. Support Vector Machine (SVM), Self-Organization 
Map (SOM), Multiple Layer Perceptron (MLP), (Fujiwara, 1995; Desheng et al., 2006; Syu and Tsao, 1993)  The 
later (MLP) is the most widely used (Fujiwara, 1995). The neural architecture choice is related to the task to be 
performed and the model architecture is specified by neuron characteristics, network topology and training 
algorithm (Kadhir et al., 2000). The choice of a good network topology is not a straightforward task. There are no 
hard rules or theorems to find an optimal topology for a given set of input output data. However, an appropriate 
topology may be found by performing network pruning or iterative network increase. Starting with a sufficiently 
large topology, the neural network is pruned by eliminating the links containing insignificant weights using a weight 
elimination method, for example the Optimal Brain Damage (OBD) method developed by Le Cun et al., 1989. 
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Alternatively, starting with a small architecture, the network is grown until reaching a size which gives a good 
prediction model. 
 
 
2.5. Hybrid ANN-GA algorithm methodology 
 
Several authors used ANN-GAs for modeling and optimization in various field (Istadi; 2006;.Ahmad et al., 2004; 
Huang et al., 2003; Nandi, et al., 2004; Chow et al., 2002; Nandi et al., 2002; Hao et al., 2001). In this study, the 
MATLAB environment (MATLAB R14 tool, 2005) was used for developing both the ANN and the GA. The first 
step in implementing the hybrid methodology concerns the ANN-base model development by utilizing the neural 
toolbox to model and simulate the reaction. It consists firstly in specifying input and output data for training, 
secondly in creating the network architecture, thirdly in normalizing the data to be within the range [-1,+1], and 
finally in training the network using the normalized input output data. The training algorithm in this work was the 
versatile Leverberg-Marquardt technique used to improve the learning rate and the stability of back-propagation 
algorithm for searching minimum error. It is also the well-known method for training feed-forward neural network. 
 
The back-propagation algorithm is a gradient descent method that adjusts the network weights and bias 
values to minimize the square sum of the difference between the given output (Yg) and the calculated one (Yc) by 
the net which can be obtained by equation 4. 
 
∑ −= 2)(21 gc YYe            (4) 
 
The training subset is used for computing and updating the network weights and biases. The error on the 
validation set is monitored during the training process. The validation error will normally decrease during the initial 
phase of training, as does the training set error. However, when the network begins to overfit the data, the error on 
the validation set will typically begin to rise. When the validation error increases for a specified number of 
iterations, the training is stopped, and the weights and biases at the minimum of the validation error are returned. 
This method (early stopping) enables generalization improvement. The test set error is not used during training, but 
it is used to compare different models. 
 
The transfer function of hidden layer nodes was Tanh function and linear function for the output layer. 
 
After the development of the ANN model, a GA is used to optimize the N-dimensional input space (x) of 
the ANN model by utilizing the genetic algorithm toolbox. The objective is to find the N-dimensional optimal 
vector, x* = [x1*, x2*, ….., xN*] that maximizes the K-dimensional objective function Y defined by equation 5. 
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Generally, multiobjective optimization is performed via aggregation of the multiple objectives into a single 
objective function. In this method, each objective function is multiplied by a weighting coefficient (αk) and the 
resulting functions are combined to form a single aggregated objective function to be maximized as expressed by 
equation 6. 
  
∑
∑
=
=
=≤≤
=Ψ
K
k
kk
K
k
kk
and
WxYWxMaximize
1
1
110
),(),(
αα
α
        (6) 
 
where ),( WxΨ refers to the aggregated objective function 
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The general framework is summarized in figure 3: 
 
  
 
 
  
 
  
 
  
 
  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 3. Flowchart of the ANN-GA algorithm 
 
 
3. RESULTS AND DISCUSSION 
 
Table 2 illustrates the experimental data which can be divided into three parts. Runs 1 to 6 represent an extract of the 
preliminary screening study. Runs 7 to 13 are results obtained from a study based on a simplex method. Finally, runs 
14 to 24 constitute results from a composite matrix. 
Development of the ANN-Based 
String encoding and setting of parameters (number of individuals, mutation 
probability, crossover probability and maximum number of generation) 
t Å0, Creation of the initial randomly-generated population of n individuals 
Calculation of the evaluation function of each individual 
Selection of n individuals 
Recombination (Crossover, Mutation) 
t Å t + 1, Update the generation  
Decode the top ranked chromosome to obtain the optimal solution 
Ngen > Ngen max 
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Table 2. Experimental design and responses 
 
 Process variables  Responses 
Run X1 X2 (g) X3(°C)   Y1 (%) Y2 (%) 
1 3.0 6.0 260  44.2 66.4 
2 3.0 9.0 300  44.4 56.0 
3 5.0 9.0 260  37.9 97.6 
4 5.0 6.0 300  42.2 52.1 
5 4.0 7.5 280  42.2 61.6 
6 4.0 7.5 280  32.6 81.3 
7 3.0 6.0 280  40.0 71.0 
8 2.0 6.0 280  45.0 66.0 
9 2.5 4.5 280  47.3 57.0 
10 1.5 4.5 280  49.0 61.6 
11 2.0 3.0 280  55.0 46.2 
12 1.0 3.0 280  60.0 34.7 
13 1.5 1.5 280  61.8 11.3 
14 0.5 1.5 280  69.5 6.0 
15 1.0 1.5 280  62.6 20.2 
16 0.5 3.0 280  70.0 12.5 
17 1.0 3.0 280  58.4 38.2 
18 0.4 2.3 280  60.8 23.4 
19 1.1 2.3 280  62.7 11.1 
20 0.8 1.2 280  59.2 32.7 
21 0.8 3.3 280  62.9 27.8 
22 0.8 2.3 280  63.2 20.9 
23 0.8 2.3 280  65.1 24.1 
24 0.8 2.3 280   65.5 13.9 
 
3.1. Performance of various ANN structure for m-cresol isopropylation reaction 
 
The determination of the most powerful architecture based on mean square error (MSE), epochs number (epochs) 
and correlation coefficient (R) is a key step. Table 3 illustrates the performance studies for various topologies. It can 
be observed that increasing the number of nodes in the hidden layer involves simultaneously decreasing the MSE 
and increasing the R for the validation set. Moreover, while considering the test set, a contrary evolution of R is 
observed. The best compromise (that gives a low value of MSE, a high value of R for validation and set test, and a 
low epochs value) was obtained with the 3 – 8 – 2 structure ANN model depicted in figure 4. Consequently, the 
comparison between calculated and observed values corresponding to the above-mentioned architecture was 
depicted in figure 5. A good adequacy of the fitted ANN model can thus be observed since the correlation 
coefficient R2 were higher than 0.94 whatever the response considered. 
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Table 3. Performance comparison for one hidden layer ANN structures 
 
   Correlation coefficients (R) 
   Validation set  Test set 
ANN 
Architecture Epochs MSE Y1 Y2  Y1 Y2 
3-1-2 13 0.0344 0.9490 0.9174  0.9834 0.9723 
3-2-2 14 0.0250 0.9476 0.9625  0.9125 0.8966 
3-3-2 16 0.0092 0.9902 0.9751  0.9052 0.8970 
3-4-2 24 0.0106 0.9736 0.9860  0.9433 0.8579 
3-5-2 20 0.0028 0.9957 0.9937  0.8795 0.7882 
3-6-2 33 0.0013 0.9981 0.9965  0.9350 0.8670 
3-7-2 46 0.0010 0.9991 0.9971  0.9128 0.8562 
3-8-2 15 0.0009 0.9995 0.9972  0.8948 0.8634 
3-9-2 44 0.0009 0.9996 0.9972  0.0711 0.8380 
3-10-2 34 0.0009 0.9996 0.9972  0.7776 0.2988 
3-11-2 25 0.0009 0.9996 0.9972  0.8816 0.7985 
3-12-2 31 0.0009 0.9996 0.9972  0.8499 0.8704 
3-13-2 34 0.0009 0.9996 0.9972  0.0789 0.2003 
3-14-2 32 0.0009 0.9996 0.9972  0.7126 0.5985 
3-15-2 11 0.0009 0.9996 0.9972  0.5532 0.7428 
 
 
 
 
 
Figure 4. Optimal ANN model 
 
 
Input Hidden Output 
Y1 
Y2 
X1 
X2 (g) 
X3 (°C) 
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Figure 5. Plots comparing calculated and predicted value for the output variables 
 
3.2. GA-Based optimization of the ANN model 
 
To begin with, let us recall that the n-thymol selectivity (Y1) and the m-cresol conversion (Y2) were to be 
maximized. So according to equation 6 they were aggregated to give a mono objective function. The weights were 
set for Y1 and Y2 respectively to 0.75 and 0.25. These arbitrary numbers represented the relative importance of each 
function in the aggregated one. In this study, one considered that, the function Y1 that represented the selectivity of 
n-thymol was more important so its weight was the highest. This choice is not fortuitous. Indeed, from an industrial 
point of view, a weak conversion of the starting reagent is not a great handicap if the possibility of recycling can be 
easily carried out. The separation by distillation remains possible being given the notable difference of the boiling 
point of m-cresol (203 °C) and n-thymol (222 °C). A choice of a high selectivity and a weak conversion is more 
pertinent. Finally, the problem can be formulated as follows: 
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The stepwise numerical procedure for the GA-based optimization of the ANN model is presented below: 
1 – The generation index (Ngen) is set to zero and a population of chromosomes is randomly generated. 
2 –The performance of the solution vector in the current population is calculated by using a fitness function. The 
solution vector is then normalized to be within the range [-1,+1] and used as an input vector to the trained ANN-
based model in order to obtain the corresponding output vector. This output value is finally converted to the original 
values that are subsequently utilized to compute the fitness.  
3 – Npop parents are selected based on their scaled values by using the selection function (see table 5) to form the 
mating pool. 
4 – Randomly, a number of Npop/2 pair parents is formed to perform crossover and mutation by using respectively a 
crossover function and mutation function (see table 5). 
5 – The children replace the parents and the generation index is updated. 
6 – The steps 2 to 6 is repeated until the number of generation (Ngen) reaches the maximum (Ngen max) 
 
The computational parameters of the GA were given in table 5 
 
Table 5. Computational parameters of the Matlab GA toolbox 
 
Population size 50 
Elite count 2 
Number of Generation 150 
Fitness scaling function @fitscalingrank 
Selection function @selectionstochunif 
Crossover function @crossoverscattered 
Mutation function @mutationuniform 
Mutation probability 0.05 
 
The optimal zone obtained is depicted in table 6. From these results, selectivity ranges from 77.7% to 
79.4% while conversion passes from 13.3% to 86%. By comparison with the limits given in table 2, an improvement 
of the selectivity and an increase in the lower limit of the conversion are observed. Moreover, the operating 
parameters interval variations were considerably reduced. So the GA allowed the passage from a wide and worse 
experimental field towards a more restricted but better field of investigation.All these results demonstrate the 
efficiency of the GA optimization. In order to analyze the impact of theses operating parameters on the responses, 
the results were displayed in figures 6 and 7. Figure 6A highlights a zone for X1, ranging between 0.523 and 0.583 
for which the selectivity takes its highest value (79.5%). While considering figure 6B, the selectivity increases with 
catalyst mass and a value as high as 79.5% is achieved for X2 ranging from 1.82 to 1.86. From figure 6C, it seems 
that the selectivity is independent of the temperature. Moreover, while considering the m-cresol conversion (figures 
7A), a particularly dense zone appears for which X1 ranges between 0.434 and 0.64. This zone corresponds to 
conversion ranging between 13.4% and 23.7%. Concerning the effect of X2 (figure 7B), degradation in the 
conversion is observed with an increase in this parameter. A plateau for the conversion (13.4) is reached at X2 equal 
to 1.82. Figure 7C exhibits that the temperature has no significant effect on the conversion. Consequently, figures 8 
was plotted to determine the best zone that takes into account the global objective i. e., to favor the selectivity to the 
detriment of the conversion. It is found that if the selectivity Y1 improves, the conversion Y2 deteriorates and vice 
versa. Finally, the following recommended operating conditions were proposed: (0.52 ≤ X1 ≤ 0.58; 1.82 g ≤ X2 ≤ 
1.86 g; 290 °C ≤ X3 ≤ 292 °C). 
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Table 6. Lower and upper limits obtained after compilation of the GA 
 
Parameter Lower limit Upper limit 
X1 0.402 0.966 
X2  1.24 1.9 
X3 (°C) 290 299 
Y1 (%) 77.7 79.5 
Y2 (%) 13.3 86 
 
More explicitly, on the one hand, it is important to use approximately a 50% molar excess of cresol in 
relation to propylene. That can be explained by the fact that the catalyst used is an otho-alkylating one, which favors 
the formation of n-thymol in a deficit environment of propylene (Tohr and Fumio, 1977). On the over hand, a 
confirmation of the ortho-alkylating character is obtained by the fact that a great quantity of catalyst favors the 
selectivity of n-thymol. Moreover, although the effect of the temperature is not apparent, increasing the temperature 
leads to a degradation of the selectivity to the profit of the conversion, in agreement with the exothermic character of 
the reaction (ΔH~80 kJ/mole).  
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Figure 6. n-thymol optimal selectivity as a function of variables 
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Figure 7. m-cresol optimal conversion as a function of variables 
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Figure 8. Simultaneous maximization of n-thymol selectivity and m-cresol conversion. 
 
 
4. CONCLUSIONS 
 
The modeling and optimization of m-cresol isopropylation for obtaining n-thymol is successfully carried out with a 
hybrid ANN-GA framework. An ANN model (3-8-2) was found to be very suitable to model the responses studied. 
The multiobjective optimization was performed by using a GA and the recommended operating conditions to 
achieve n-thymol selectivity ranging from 79.3 to 79.5% and m-cresol conversion from 13.4 to 23.7 % were 
suggested. Moreover, several remarks can be drawn from the application of genetic algorithms to n-thymol 
production. Their ease of application, coupled with their capacity to deal with complex search spaces, make them a 
worthwhile approach. The definition of the global objective function enables the implementation of different 
perspectives on the relative importance of the process parameters. As the results presented in this work indicate, 
Genetic algorithms are sensitive to the relative importance of the real process parameters, producing solutions with 
physical meaning. Genetic algorithms combined with neural network seem to be a valid tool for optimizing the 
process of n-thymol production from m-cresol isopropylation. Future work will now concentrate on multicriteria 
optimization with the concept of Pareto optimality and niching. 
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NOTATIONS 
 
n1 non-converted m-cresol mole number, mole 
ni compound i mole number in relation to 100 g of crude reaction mixture isolated, mol/g 
ti chromatographic mass percentage, g 
Mi molar mass of compound i, g/mol 
x* optimal decision variable vector 
W weight matrix set 
Y K dimensional objective function 
Ngen generation index 
Ngen max Maximum number of generation 
Npop Size of the population 
Yg given input 
Yc calculated output 
R correlation coefficient 
MSE mean square error 
 
Greek Letter 
Ψ aggregated objective function 
αk weighting coefficient in the aggregated function 
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